Background: This study aimed to (1) provide a comprehensive characterization of depressive symptoms profiles, and (2) examine the cross-sectional association between depressive symptom profiles and cardio-metabolic outcomes, including metabolic syndrome and obesity, while controlling for sociodemographic variables, health behaviors and inflammation. Methods: Our sample was comprised of 1085 participants (55.80% female) enrolled in the MIDUS-II biomarker study. Latent profile analysis (LPA) was used to derive depressive symptom profiles using subscales of the Mood and Anxiety Symptom Questionnaire (MASQ) and the Center for Epidemiologic Studies Depression Scale (CES-D) subscales as well as Pittsburgh Sleep Quality Index (PSQI) global score. Metabolic syndrome was defined according to the Interim Joint Statement definition. CRP was used as a marker of inflammation. Results: Four depressive symptom profiles were identified. The "No Symptoms" subgroup (60.65% of the sample) had the lowest overall scores across subscales. The "Mild Symptoms" subgroup (26.73%) was characterized by lower scores across indicators, with subscales measuring somatic symptoms being the highest within group. The "Moderate Symptoms" subgroup (10.32%) had higher scores across subscales (1 SD above the mean), with subscales measuring negative affect/loss of interest being the highest within group. Finally, the "Acute symptoms" subgroup (2.30%) was characterized by the highest overall scores (1.5-3 SD above the mean) on all indicators. After controlling for sociodemographic characteristics and health behaviors, the "Moderate Symptoms" subgroup was significantly associated with metabolic syndrome (OR = 1.595, p = 0.035) and obesity (OR = 1.555, p = 0.046). Further, there was a trend between the "Mild Symptoms" subgroup and the presence of obesity (OR = 1.345, p = 0.050). Inflammation attenuated these associations. Conclusions: Four depressive symptom profiles were identified among healthy mid-life individuals in the US. These profiles are differentially associated with cardio-metabolic outcomes. Future work should examine whether distinct symptom profiles may reflect differential pathways to increased risk, and whether tailored management of symptoms is needed.
Introduction
Depressive symptoms are important predictors of cardiovascular morbidity and mortality (Pan et al., 2011) . Recently, researchers have shifted their attention to cardio-metabolic conditions, as they are thought to partially account for the association between depression and increased cardiovascular risk (Goldbacher et al., 2009 ). Obesity and metabolic syndrome, a cluster of anthropometric and metabolic disturbances, which includes central adiposity, hypertension, dyslipidemia and abnormal glucose regulation (Alberti et al., 2009) , are two highly prevalent cardio-metabolic conditions (Gee and Bailey, 2013) , and widely recognized precursors of cardiovascular disease (Galassi et al., 2006) .
Studies examining the link between depressive symptoms and cardio-metabolic conditions have yielded inconsistent results (Luppino et al., 2011) . Methodological differences in the assessment of depressive symptoms may account for the contradictory findings in this area. Some studies have opted for a categorical diagnostic approach to depression, using the Diagnostic and Statistical Manual of mental disorders (DSM) or a clinical interview to classify individuals as depressed or non-depressed (Goldbacher et al., 2009 ). Others have used continuous self-report measures of depressive symptoms (Luppino et al., 2011) . While dimensional measures of depression have some disadvantages, including their inability to diagnose clinical depression, the fact that they measure symptoms within 1-2 weeks of administration only, as well as their assessment of symptoms that may overlap with somatic disease, they also have numerous advantages over categorical outcomes. In a recent meta-analysis, there was a stronger association between metabolic syndrome and depression when measured by self-reported scales rather than a structured clinical interview or clinical diagnosis (Pan et al., 2012) . In another recent study, depressive symptoms (per standard deviation higher) were associated with 1.17-1.25 increased odds of metabolic syndrome incidence after 15 years, suggesting they may predict the development of cardiometabolic conditions, even at subclinical levels (Womack et al., 2016) . Most importantly, depression scales allow researchers to examine not only the presentation but also the severity of symptoms, whereas categorical dichotomization may lump together different symptoms clusters and severities into a single diagnosis.
Individuals can be highly heterogeneous in their presentation of depressive symptoms, even when having the same diagnosis. For example, some individuals primarily endorse somatic symptoms, while others primarily report cognitive symptoms. Somatic depressive symptoms often include loss of energy, sleep disturbances, changes in appetite, and irritability, whereas cognitive symptoms are characterized by sadness, loss of interest, pessimism, guilt, indecisiveness and worthlessness (Dozois et al., 1998) . Researchers have reported differential associations between depressive symptom dimensions (cognitive vs. somatic) and cardiovascular outcomes (Luppino et al., 2011) . The association between somatic, and not cognitive depressive symptoms, appear to be stronger among individuals with established heart disease (Doyle et al., 2010) , but somatic complaints are also predictive of subclinical disease (Stewart et al., 2007) and cardio-metabolic conditions (Luppino et al., 2011) . Fewer studies have found that cognitive symptoms only (Pedersen et al., 2007) , or both symptom domains are associated with cardiac events (Hoen et al., 2010) .
There is some controversy surrounding the differential associations between depressive symptom dimensions and cardio-metabolic risk. Somatic complaints, in the absence of sadness or loss of interest (cardinal depressive cognitive symptoms), cannot be classified as representing clinical depression (Association, 2013a) . However, individuals who do not meet criteria for major depression but who endorse somatic symptoms also tend to have family and personal histories of mood disorders, shortened rapid eye movement (REM) latency, and increased proportion of sleep time spent in REM, all of which are factors associated with clinical depression (Akiskal et al., 1997) . Similarly, somatic symptoms of depression, particularly sleep disturbances, often precede major depressive episodes and are better predictors of depressive episodes than are cognitive symptoms (Cho et al., 2008) .
Inconsistent findings may also be a result of statistical limitations. Authors have pointed out the inadequacy of including two highly overlapping factors (cognitive and somatic subscales) in the same statistical model, as multicollinearity (high correlation between two predictor variables) may be present (Carney and Freedland, 2012) . Clearly, a better characterization of depressive symptom profiles in the context of cardio-metabolic risk is needed. Advanced statistical modeling techniques offer an important opportunity to advance our knowledge in this regard. Latent profile analysis (LPA), in particular, is specifically designed to use actual empirical data to create quantitatively and qualitatively distinct profiles based on individual's presentation of symptoms (Collins and Lanza, 2013) .
In this study, our primary aim was to provide a comprehensive characterization of depressive symptom profiles in a national sample of healthy adults. We applied LPA to evaluate whether distinct subtypes of symptom profiles could be identified based on continuous measures of depressive symptom domains, which included negative affect, loss of interest, somatic complaints, sleep disturbances, interpersonal difficulties and positive affect. Positive affect was included as it has been shown to be predictive of cardio-metabolic conditions independent of symptoms of negative affect (Steptoe et al., 2005) , and may therefore be conceptualized as a correlated but separate dimension. Further, we examined the association between age, gender, race, ethnicity, and anti-depressant use on symptom profiles. Based on previous research, we hypothesized that subgroups with increased severity of depressive symptoms as well as separate subgroups with different dimensions of depressive symptoms will emerge (somatic vs cognitive).
In addition to a proper characterization of symptoms, adequate covariate adjustment is needed when examining the association between depressive symptom profiles and cardio-metabolic conditions. Specifically, sociodemographic characteristics, such as age or gender, are important predictors of cardio-metabolic risk and should be accounted for (Ford, 2004) . Furthermore, as suggested by some authors, depressive symptoms may not be the principal contributors to elevated cardio-metabolic risk, but rather may increase the risk by adding to the burden of pro-inflammatory cytokines (Vogelzangs et al., 2011) . In fact, a leading mechanistic hypothesis proposes that inflammation serves as a biological pathway linking depression to cardiometabolic risk (Shelton and Miller, 2010) . In light of this, a secondary aim of this study was to examine the association between depressive symptom profiles and cardio-metabolic conditions, including metabolic syndrome and obesity, after accounting for socio-demographic characteristics, health behaviors, anti-depressant use, and inflammation. We hypothesized that depressive symptom profiles of increased severity would be associated with greater odds of having cardio-metabolic conditions, even after accounting for relevant covariates.
Material and methods

Study sample
Our sample was comprised of participants enrolled in the Midlife in the Unites States (MIDUS) study. This large scale research study aimed to examine predictors of mental and physical health in middle-aged adults (Radler and Ryff, 2010) . The MIDUS study was originally established in 1995 and recruited 7108 non-institutionalized Englishspeaking individuals ages 25-74 from random digit dialing from across the US, including siblings for some respondents and some pairs of twins. The second wave of the study (MIDUS-II) occurred in 2004-2008 and followed up 4963 (70%) of the original sample. Participants who participated in MIDUS II were more likely to be Caucasian, female, married, more highly educated and in better health than those lost to follow-up of diseased. MIDUS II involved expanded assessments and newly recruited a total of 592 African American participants from Milwaukee, WI. These participants were recruited using area probability sampling methods along with population counts from the 2000 United States Census to identify potential respondents. Field interviewers screened households to determine if they contained any African American adults. Milwaukee respondents were interviewed at home. All measures paralleled those used in the larger MIDUS sample.
The current study is based on the subset of MIDUS-II participants who completed the Biomarker Project which included 1255 individuals from both the longitudinal survey sample (n = 1054) and the Milwaukee sample (n = 201). The biomarker project included an inperson visit that was carried out at three General Clinical Research Centers (at UCLA, University of Wisconsin, and Georgetown University). Details on the biomarker sample and protocol have been previously described (Dienberg Love et al., 2010) . All participants provided informed consent and the study was approved by the Institutional Review Boards at each participating center. Our analytical sample included a total of 1085 participants. A total of 74 participants were excluded from analysis due to CRP levels ≥10 mg/L (Pearson et al., 2003) , as these values are likely a sign of infection. In addition, 96 participants were excluded due to missing data psychosocial scales (N = 80), metabolic syndrome components (N = 8) or demographic variables (N = 8). Compared to participants excluded due to missing data, participants retained in the analytical sample were comparable in terms of age, gender and education. However, excluded participants were significantly more likely to be Caucasian (p race ≤ 0.001) and to identify as Hispanic Latino (p ethnicity = 0.020). Further, we compared our analytical sample with a larger sample that included MIDUS-II national survey sample participants along with participants in the Milwaukee African American study. Our sample was comparable to this greater sample in terms of age, gender, race and ethnicity. Participants in our analytical sample, however, we more likely to be educated than those in the greater survey sample.
Measures
Depressive symptoms
Indicators used to derive latent profiles included subscales of three well-validated measures of depressive symptoms and/or sleep disturbances: the Mood and Anxiety Symptom Questionnaire (MASQ), the Center for Epidemiologic Studies Depression Scale (CES-D) and the Pittsburgh Sleep Quality Index (PSQI). The MASQ is a measure of symptoms of mood and anxiety disorders and has been well validated in healthy and clinical samples (Watson et al., 1995) . Three subscales of the MASQ were used as indicators of depressive symptoms: the General Distress-Depressive symptoms, the Loss of Interest, and the Positive affect subscales. Higher scores on each subscale were reflective of higher depressive symptoms, loss of interest and positive affect, respectively. The CES-D is a widely utilized measure of depression (Radloff, 1977) . A recent meta-analysis of the factor structure of the CES-D found a clear four-factor solution that distinguished somatic, negative affect, positive affect, and interpersonal symptoms (Shafer, 2006) . Results indicate that items load robustly into one of the four factors. Accordingly, and consistent with previous studies that used a subscale approach to the CES-D (Leventhal et al., 2008) , we computed subscale scores for each dimension by summing their respective items. Three subscales of the CES-D: Negative Affect, Somatic Features, and Interpersonal Disturbances were used as indicators in depressive symptom profiles. Higher scores on each subscale were indicative of greater depressive symptomatology. Finally, the PTSQI is a widely used instrument for the evaluation of sleep disturbances which consists of seven component scores that are aggregated in a global score with a range of 0-21 (Buysse et al., 1989a) . Higher scores are indicative of greater psychopathology. The global score of the PSQI was used as an indicator of sleep-related complaints.
Metabolic syndrome
The Joint Interim Statement criteria were used to define metabolic syndrome (Alberti et al., 2009 ). Accordingly, participants were classified as having the metabolic syndrome if they met three or more of the following criteria: (1) waist circumference ≥102 cm in men and ≥88 cm in women; (2) triglycerides ≥150 mg/dl; (3) high-density lipoprotein (HDL) cholesterol < 40 mg/dl in men and < 50 mg/dl in women; (4) blood pressure ≥130 mm Hg systolic and/or ≥85 mm Hg diastolic and/or on medication; (5) fasting glucose ≥100 mg/dl and/or on medication. Waist circumference was measured at the narrowest point between the ribs and iliac crest. Blood pressure was measured after participants rested for 5 min. Three consecutive assessments in a seated position with a 30-second interval between each assessment were recorded, and the two most similar readings were averaged. Lipids and glucose were assessed from a fasting morning blood samples with automated instruments from Roche Diagnostics, Indianapolis, IN.
Obesity
Participant height and weight collected during the visit were used to calculate body mass index (BMI). Obesity was defined as a BMI of 30 km/m 2 or higher.
Inflammation
Levels of CRP were used as markers of inflammation and were determined via immunoassays. CRP was measured by BNII nephelometer (Dade Behring Inc., Deerfield, IL).
Covariates
Participant age, gender, race, ethnicity, education, employment, marital status, antidepressant use, presence of chronic conditions and health behavior information were collected via clinical questionnaires and were included in regression models as covariates. These variables have been associated with the presence of cardio-metabolic conditions such as metabolic syndrome and obesity (Park et al., 2003) , depressive symptoms (Djernes, 2006) and inflammation. The variable assessing presence of chronic conditions was computed using information from the medical history performed during the clinical visit. Participants were categorized as having a chronic condition if they reported having been diagnosed with heart disease, transient ischemic attack (TIA) or stroke, diabetes, asthma, chronic obstructive pulmonary disease, cancer or liver disease by a physician. Health behaviors included current smoking, drinking (at least one alcoholic beverage during the past month) as well self-reported regular physical exercise which was defined as exercising at least 20 min 3 times per week. Categorical variables including race (1 = Non-Caucasian), ethnicity (1 = Hispanic/Latino), education (1 = college graduate or higher), employment (1 = currently working [includes part-time workers]) and marital status (1 = married) were dichotomized for regression analysis.
Statistical analysis
Preliminary statistical analyses included descriptive statistics and assessment of normality distributions. Triglyceride, fasting glucose and C-reactive protein levels were log-transformed as they were found to have a non-normal distribution. Data for continuous variables are presented as means and standard deviations and were compared between groups using independent t-tests. Categorical variables are presented as percentages and were compared with the chi-squared test. The Statistical Package for the Social Sciences (SPSS) version 23.0 (SPSS, Chicago, IL, USA) was used for all preliminary analyses.
Latent Profile Analysis (LPA) was used to identify depressive symptom profiles. LPA is an empirically driven approach, which uses continuous variables (indicators) to derive subgroups of individuals. Patterns of interrelationships among individuals are examined with the goal of maximizing homogeneity within class (or subgroup) and heterogeneity between classes. LPA is an individual based approach given its emphasis on identifying similarities between individuals, rather than associations among variables (variable-based approach). Continuous indicators used in these analyses to characterize symptom profiles included: (1) the MASQ Depressive Symptom subscale, (2) the MASQ Loss of Interest subscale, (3) the MASQ Positive Affect subscale, (4) the CES-D Negative Affect subscale, (5) the CES-D Somatic Features subscale, (6) the CES-D Interpersonal Disturbance subscale, and the (7) PSQI Global Score. The optimal number of subgroups was determined after examination of the following fit indexes: the Akaike information criteria (AIC), the Bayesian information criteria (BIC), the sample-size adjusted BIC (ABIC), log-likelihood (LL), entropy, the Lo-Mendell-Rubin adjusted likelihood ratio test (LRT), and the parametric bootstrapped likelihood ratio test (BLRT). Better fitting models are determined by smaller AIC, BIC, ABID and LL values. Similarly, entropy values closer to 1.0 indicate better fit, with values over 0.80 being considered noteworthy (Roesch et al., 2010) . The LRT and the BLRP provide a p-value for each solution indicating that a model with one less class is rejected in favor of the estimated model. Once subgroups were identified, age, gender, race and antidepressant use were included as covariates of emerging profiles. Mplus version 6.0 was used for all LPA analyses.
Profile membership was used as independent variables to examine the association between depressive symptom subgroup and cardiometabolic outcomes. Logistic regression models were used to examine the association between depressive symptom profiles and dichotomous outcomes (metabolic syndrome and obesity). Control variables included age, gender, education, employment status, marital status, race, and ethnicity. Further adjustment for health behaviors including current smoking, drinking, self-reported exercises, and inflammation was conducted. All tests were two-sided and α < 0.05 was considered to be statistically significant. SPSS version 23.0 was used for all logistic regression analyses.
Results
Descriptive statistics
Our sample was comprised of 1085 individuals, 605 women (55.80%) and 280 men (44.20%). Approximately 81.6% of individuals were of Caucasian decent, whereas 14.70%, 1.10%, 0.20% and 2.20% identified as African American, Native American, Asian, and other race, respectively. Further, 3.00% of the sample was of Hispanic/Latino ethnicity. Mean age was 54.71 (SD = 11.81) and 43.40% of the sample were college graduates. Metabolic syndrome was present in 40.30% of the sample, whereas obesity was present in 39.70%. Detailed descriptive characteristics of the study sample are presented in Table 1 .
Characterization of depressive symptom profiles
LPA was used to derive depressive symptom profiles. Multiple LPA models were fitted with the number of subgroups (or clusters) ranging from 1 to 8. Fit indexes for all models are presented in Table 2 . Entropy values ranged between 0.888 and 0.978 indicating excellent fit to the data across all cluster solutions. The BLRT was significant across comparisons of greater number of profiles, which suggests that a greater number of subgroups fit the data progressively better. The LRT indicated that a 2-class solution was significantly better than a 1-class solution (p < 0.001) and a 4-class solution was significantly better than a 3-class solution (p = 0.003). The AIC, BIC, aBIC and LL values decreased as the number of classes increased; however, only small decreases were noted in these indexes (< 300) for the 5, 6, 7 and 8-cluster solutions. Further, the proportion of individuals belonging to each cluster pronouncedly declined as the number of classes increased. After collectively accounting for model fit indexes, the size of each cluster, and theoretical considerations, the 4-cluster solution was selected as best representing the data.
The four latent profiles identified were labeled "No Symptoms", "Mild Symptoms", "Moderate Symptoms" and "Acute Symptoms" subgroups based on the presentation and severity of symptoms. As expected of a healthy sample of individuals, the "No Symptoms" subgroup was the largest comprising of 658 (60.65%) individuals, followed by the "Mild Symptoms", "Moderate Symptoms", and "Acute Table 3 . The graphical representation of the four symptom profiles is shown in Fig. 1 , which depicts z-scores for each indicator across subgroups. As seen on the figure, the "No Symptoms" subgroup has the lowest scores in subscales measuring negative affect (MASQ Depressive symptoms and CES-D Negative affect subscales), loss of interest (MASQ Loss of Interest subscale), somatic symptoms (CES-D Somatic Features subscale and PSQI Global Score) and interpersonal difficulties (CES-D Interpersonal Disturbance subscale), as well as the highest scores on measures of positive affect (MASQ Positive Affect subscale). The "Mild Symptoms" subgroup was characterized by overall lower scores across indicators, with subscales measuring somatic symptoms being the highest within group. Further, the "Moderate Symptoms" subgroup had higher scores across subscales (1 SD above the mean), with negative affect/loss of interest being the highest within group. Finally, the "Acute symptoms" subgroup was characterized by the highest overall scores (1.5-3.7 SD above the mean) on all indicators, which may be representative of a very severe/acute depressive state.
The inclusion of covariates to the model (age, gender, race and antidepressant use) did not alter the means across profiles, which further confirms the stability of the 4-cluster solution. Gender was not a significant predictor of group membership, whereas age significantly predicted membership to the "Mild Symptoms" (OR = 0.984, p = 0.042) and "Moderate Symptoms" (OR = 0.956, p < 0.001) and "Acute Symptoms" (OR = 0.938, p = 0.001) subgroups when compared to the "No/Low Symptoms" subgroup. This indicates that for every one-year increase in age, there is a 1.6%, 4.4% and 6.2% reduction in the odds of belonging to the "Mild Symptoms", "Moderate Symptoms" or "Acute Symptoms" subgroups, respectively, when compared to the "No Symptoms" subgroup. Similarly, race significantly predicted group membership with Non-Caucasian individuals (African American, Native American or Asian) participants being most likely to belong to the "Moderate Symptoms" (OR = 2.462, p < 0.001) and "Acute Symptoms" subgroups (OR = 3.684, p = 0.011). Finally, antidepressant use was also a significant predictor of group membership. After controlling for age and gender, individuals taking antidepressants were significantly more likely to belong to the Psychoneuroendocrinology 82 (2017) 17-25 "Mild Symptoms" (OR = 2.046 p = 0.003), "Moderate Symptoms" (OR = 3.691, p < 0.001) or "Acute Symptoms" (OR = 8.872, p < 0.001) subgroup, when compared to the "No Symptoms" subgroup.
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Association with cardio-metabolic outcomes
Logistic regression models were fitted to examine the cross-sectional associations between subgroups (or clusters) and cardio-metabolic outcomes, including metabolic syndrome and obesity. Results from all multivariate models are presented in Table 4 . The "No Symptoms" subgroup was used as the reference group in all analyses. After controlling for age, gender, education, employment status, marital status, race, ethnicity, presence of chronic conditions, and antidepressant use, there was a significant relationship between membership to the "Moderate Symptoms" subgroup (OR = 1.571, p = 0.039) and the presence of metabolic syndrome. This indicates that individuals that belong to the "Moderate Symptoms" subgroup have a 57.1% increase in their odds of having metabolic syndrome, when compared to individuals in the "No Symptoms" subgroup. Associations between depressive symptom subgroups and metabolic syndrome components are presented in Supplementary Table 1 . Briefly, these additional analyses indicated that the association between the "Moderate Symptoms" subgroup is primarily driven by triglycerides and HDL-cholesterol Psychoneuroendocrinology 82 (2017) 17-25 levels. In regards to obesity, a significant association was found between the "Mild Symptoms" subgroup and obesity (OR = 1.359, p = 0.040). Similarly, a trend was found for the "Moderate Symptoms" subgroup (OR = 1.491, p = 0.066). No association was found between the membership to the "Acute Symptoms" subgroup and cardio-metabolic outcomes.
The role of health behaviors and inflammation
Further analyses were conducted in order to control for health behavior variables including regular physical exercise, current smoking, and drinking (in the past month) as well as inflammation, measured by C-reactive protein (Table 4 , Models 3 and 4). After controlling for health behaviors, the association between the "Moderate Symptoms" subgroup and metabolic syndrome remained significant (OR = 1.595, p = 0.035). Further, the association between the "Mild Symptoms" subgroup and obesity became slightly attenuated (OR = 1.345, p = 0.050) while the association for the "Moderate Symptoms" subgroup was strengthened (OR = 1.555, p = 0.046). Finally, adjustment for CRP attenuated all association between depressive symptom profiles and cardio-metabolic conditions.
Discussion
In this paper, we used a sample of non-institutionalized adults to identify empirically derived depressive symptom profiles based on continuous measures of negative affect, loss of interest, somatic complaints, sleep disturbances, interpersonal difficulties and positive affect: a "No Symptoms" a "Mild Symptoms", a "Moderate Symptoms" and an "Acute Symptoms" subgroup. In addition, we provided novel data on the differential associations between depressive symptom profiles and cardio-metabolic outcomes, and examine the role of health behaviors and inflammation in these associations. Our results indicated that the "Moderate Symptoms" subgroup was significantly associated with metabolic syndrome and both the "Mild Symptoms" (trend) and "Moderate Symptoms" subgroups were associated with obesity after controlling for demographic factors, anti-depressant use, presence of chronic conditions and health behaviors. Inflammation attenuated the association between these subgroups and cardio-metabolic outcomes suggesting inflammation may be a biological mediator linking depressive symptoms profiles and cardio-metabolic outcomes.
Given depressive symptoms are highly heterogeneous; investigators have for long focused on gaining a better understanding of their presentation. In fact, a seminal paper published in 1966 aimed at classifying patients in distinct depression subtypes and examining their differential response to drugs (Overall et al., 1966) . Similarly, the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) included several diagnostic categories for distinct depressive disorders (Association, 2013b) . This nosology, however, is used to classify individuals with significant symptoms or clinical depression. Far fewer efforts have been devoted to identifying depressive symptoms profiles at subclinical levels of depression or in the general population. This study fills this gap in the literature.
Self-report scales may help characterize profiles as they provide valuable information on the nature of symptoms (e.g. cognitive vs. somatic) as well as their severity (e.g. higher scores are typically characteristic of more severe depression). In this study, we used several depressive symptom subscales to create comprehensive profiles of symptoms. In addition to subscales measuring negative affect, loss of interest and somatic complaints, this is the first study to incorporate subscales specifically measuring positive affect, interpersonal difficulties and sleep complaints into one comprehensive profile. Low positive affect and sleep disturbances, in particular, have strong associations with coronary heart disease (Boehm et al., 2011) ; therefore, studying positive affect and sleep in the context of cardio-metabolic health is important.
Integrating scores on multiple self-report scales measuring distinct dimensions of symptoms, however, is a challenge. Simply adding or averaging scores may result in the loss of individual differences and hampers investigators' ability to recognize response patterns. Investigators themselves may choose to classify individuals based on scores across scales, but this may introduce bias and requires high interrater reliability (concordance across raters). In this study, we overcome these challenges by using a state-of-the-art statistical modeling approach, LPA. The primary strength of LPA is that it uses continuous observed variables, in our case depression subscales, to classify individuals into subgroups that consist of comparable individuals (homogeneity within groups), while still ensuring these groups are distinct from each other (heterogeneity across groups) (Collins and Lanza, 2013) .
In this study we identified four depressive symptom profiles. Individuals in three of these subgroups endorsed at least mild symptoms of depression. The "Mild Symptoms" subgroup had overall low symptoms across scales but higher within group scores on subscales measuring somatic symptoms (CES-D Somatic Complaints and PSQI). It is worth noting that participants in this group did not endorse somatic symptoms only, but rather had slightly higher scores among somatic items than they do on items measuring negative affect, positive affect or interpersonal disturbances. Historically, investigators argued that the differential associations between somatic depressive symptoms and health outcomes are a result of the overlap between somatic depressive symptoms and symptoms of medical illness in spite of rigorous methodological designs that controlled for illness severity (Silverstein and Patel, 2011) . Similarly, our study controlled for the presence of chronic conditions such as heart disease, TIA or stroke, diabetes, asthma, chronic obstructive pulmonary disease, cancer and liver disease, however, the presence of this conditions were assessed using participant's self-report of a physical diagnosis. The characteristics of this profile in addition to the high proportion of individuals belonging to this subgroup (26.73%) highlight the need for tailored interventions. Previous reports indicate that individuals with predominantly somatic symptomatology have poor responses to antidepressant medication (Silverstein and Patel, 2011) . Further, the mean scores on the PSQI within this profile was in the clinical range (< 5) (Buysse et al., 1989b) indicating that incorporating intervention components to address sleep disturbances (e.g. cognitive behavioral therapy for insomnia) may be beneficial. Future intervention studies are needed to examine whether tailored interventions result in decreases in symptoms among members of this subgroup.
We identified two other subgroups in which individuals endorsed primarily cognitive symptoms at different degrees of severity. The "Moderate Symptoms" subgroup was characterized by primarily high scores across all subscales with those measuring negative affect and loss of interest being the highest within group. Scores within this subgroup were within a clinical range across subscales, and individuals within this subgroup were the more likely to be under anti-depressant treatment. The "Acute Symptoms" profile had a similar presentation but at a greater degree of severity. In fact, individuals within this subgroup had the highest overall mean scores across subscales, most of which were at least 2 or 3 standard deviations above the overall mean. Due to the severity of the symptoms, it is possible that individuals in this subgroup were undergoing a major depressive episode at time of assessment, or that they had recently experienced a highly stressful event. This subgroup was also most likely to be on anti-depressant treatment and the youngest across all subgroups with an unadjusted mean age on 48 years. Interestingly, Non-Caucasian individuals (those of African American, Native American or Asian descent) were also most likely to belong to the "Moderate" or "Acute Symptoms" subgroup. Given the primarily cognitive nature of symptoms within these two subgroups, it is possible that individuals among these subgroups would respond well to interventions targeting negative cognitions. Interventions addressing negative thoughts and their impact on emo-tions and behaviors, such as cognitive behavioral therapy for depression may prove beneficial for individuals in this subgroup. Future research should examine whether tailored interventions with primarily cognitive components result in a reduction of symptoms among members of these subgroups.
Our results indicate that only two of the four depressive symptom profiles identified result in increased cardio-metabolic risk. It is worth noting that while the "Acute Symptoms" subgroup was not significantly associated with greater risk for cardio-metabolic conditions, the odds ratios for these groups were comparable to those of the "Mild" and "Moderate Symptoms" subgroups, particularly in the case of metabolic syndrome. However, due to the size of this group, confidence intervals were rather large, and therefore no significant associations were detected. No study, to date, has examined the association between depressive symptom profiles, yet other studies have reported on differential associations between somatic and cognitive symptoms of depression and cardio-metabolic outcomes (Carney and Freedland, 2012; Luppino et al., 2011) . While comparability with other studies is a challenge, the presence of somatic depressive symptoms, even at subclinical levels have been associated with greater risk of both metabolic syndrome (Luppino et al., 2011) and obesity (Marijnissen et al., 2011) . Similarly, a diagnosis of depression, which is likely comparable to our "Moderate" and "Acute Symptoms" subgroups was also associated with greater cardio-metabolic risk in other studies (Luppino et al., 2011) . Interestingly, studies looking at metabolic syndrome components have also reported independent associations between depression and individual components, particularly lipid levels (van Reedt Dortland et al., 2009 ) and glucose (Golden et al., 2008) . It is worth noting that in our study, the association between the "Moderate Symptom" subgroup and metabolic syndrome was primarily driven by lipid levels (triglycerides and HDL-cholesterol).
Various efforts have been devoted to identifying subtypes of major depressive disorder (MDD) which are more closely linked to cardiometabolic conditions (Lamers et al., 2010; Lasserre et al., 2014) . For example, using a population based cohort in Switzerland investigators found that only participants with the atypical subtype of MDD had greater prevalence and incidence of obesity (Lasserre et al., 2014) . Another study used a similar methodology to the one used in this study to derive classes of symptoms among patients with MDD and found that a severe atypical symptoms class was associated with higher body mass index and metabolic syndrome (Lamers et al., 2010) . Future research should aim at validating the presence of these and other depressive symptom profiles, and further elucidate the differential associations with cardio-metabolic risk.
Inflammation attenuated the association between depressive symptoms profiles and cardio-metabolic outcomes. These results suggest that inflammation is likely an important biological pathway linking depression to cardio-metabolic risk. In line with these findings are other reports on a mediating role of inflammatory markers and cardiovascular risk (Stewart et al., 2009) . Inflammation, however, is likely not the only biological outcome linking these two conditions. Other candidate biological pathways in this relationship include sympathetic activation (Carney et al., 2000) , pro-coagulant factors (Strike and Steptoe, 2004) , endothelial dysfunction (Yasunari et al., 2006) , and adipokines secreted by adipose tissue such as leptin (Chirinos et al., 2013) . Behavioral factors may also play an important role. Previous work has linked depressive symptoms to unhealthy behaviors that promote weight gain, such as increased fat intake and decreased physical activity (Raikkonen et al., 2007) . Furthermore, depressive symptoms have been associated with smoking (Brummett et al., 2003) , a known predictor of cardiovascular disease endpoints (Lorenz et al., 2007) . Of note is the fact that our study controlled for self-reported physical activity, smoking as well as drinking (in the past month). Inclusion of this covariates strengthened the association between symptom profiles and cardio-metabolic conditions. Important strengths of this study include its large sample size which increases the power to detect associations among variables. Further, this study used rigorous methodology and state-of-the-art statistical analysis. The present study is limited by the cross sectional research design. As a result, causality between depressive symptom profiles and cardio-metabolic outcomes cannot be determined; however, available theoretical and empirical evidence suggests that depressive symptoms are prospective predictors of cardio-metabolic outcomes (Pan et al., 2011) . Findings from the present study extend this literature by demonstrating the importance of considering depressive symptom profiles. The predominantly Caucasian sample limits the generalizability of the findings to more diverse populations. Although evaluation of inflammation as a mechanism linking depressive symptom profiles and cardio-metabolic outcomes is a clear strength of the present study, other potential mechanisms (e.g., pro-coagulant factors, endothelial dysfunction, adipokines) were not evaluated.
Conclusions
Given depressive symptoms are heterogeneous; investigators have historically focused on understanding their presentation. This is the first study to identify empirically-derived depressive symptom profiles and link them to cardio-metabolic outcomes. Future work should examine differential pathways to increased risk among across depressive symptom profiles and examine whether tailored interventions have an impact on cardio-metabolic risk.
